In the last decades inequality of opportunity has been extensively studied both by economists and sociologists. A vast range of methods for its assessment have been proposed and applied to many countries, especially in the Western world. In this paper we adopt these methods to evaluate inequality of opportunity in contexts with a completely different socioeconomic structure. In so doing, we discuss some related methodological issues. To this aim this paper draws from 13 surveys containing information about circumstances beyond individual control in 11 Sub-Saharan
Introduction
Sub-Saharan Africa (SSA) countries are especially known for their high levels of economic inequality and poverty. However, with the exception of South Africa, the specific features of these economic inequalities remain largely understudied. The understanding of the different sources of inequality is, however, a necessary step toward the implementation of policies that may foster a 'shared' growth in these countries. There is in fact a rooted consensus on the argument that the degree of the inequality caused by differences at birth (such gender, race, or parental background) or, more in general, by factors beyond the individual control, may be related to the potential for future growth (see World Bank 2006, among others) . The idea is that these exogenous circumstances play a strong role in determining individual outcome, there is a suboptimal allocation of resources and lower potential for growth. The existence of inequality traps, which systematically exclude some 1 This paper represents a contribution in this direction, as it is the first attempt to evaluate inequality of opportunity in a large number of SSA countries, using thirteen different surveys that contain information of individual circumstances and outcome. This paper also offers a methodological contribution, by providing a discussion on a number of technical issues that may arise in the realization of this task and that, although already analysed by the literature, have never been discussed in this context.
As it is the case for any analytical tool aimed at evaluating inequality of opportunity, a preliminary step to our analysis is the explicit endorsement of an exact definition of EOp, among all possible declinations offered by the literature. The ex ante approach is at the base of our analysis. It postulates that there is EOp if the value of the opportunity set of all types is the same, hence inequality of opportunity can be measured as inequality between individual opportunity sets. However, the ex post principle of EOp is also widely used in the literature. It postulates that there is equality of opportunity if individuals exerting the same degree of effort are given the same outcome (Roemer, 1998) , hence inequality of opportunity can be measured as inequality within the group of individuals with same endogenous characteristics.
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In this paper we choose to adopt an ex ante perspective to equality of opportunity, because in addition to be grounded on normative reasons it is also motivated by practical reasons. Accounting for effort, in fact, is very demanding in terms of data and this is particularly true for countries, such as those under investigation in this paper, in which the availability of reliable data is very precarious. Furthermore, this approach makes this empirical analysis fully consistent with most of the analyses performed in the existing literature.
We use a set of 13 surveys (for Nigeria, Tanzania, Uganda we have two waves) that were implemented during a period ranging from 2000 to 2013. Even today, only few nationally representative surveys provide information on background of adult respondents in developing countries. Herein the focus will be largely on the aggregate view of IOp in SSA, with specific country IOp featured for illustrative purposes.
Our estimates of IOp confirm a dramatic picture. Overall, inequality of opportunity is very high in every country, although quite variable across them. They also provide evidence that countries with higher total inequality do not always show higher IOp. When the focus is on the country specific level of inequality and on the ranking of countries, our results are robust to the inequality measures (whether MLD or Gini), but are very sensitive to the estimation approach (whether parametric or non-parametric). In general, parametric estimates result to be higher than nonparametric ones. They agree only with respect to two specific cases: Malawi is characterized by the worst performance in terms of IOp, while Comoros is always encompassed among the group of the less opportunity unequal countries.
In the attempt to understand the reasons of such conflict, we argue that they are to be found in the structure of the data, in particular in the number of circumstances and of categories for each circumstance used. This also represents a problem when the aim is to assess the contribution of each circumstance on IOp, that in the worst scenario can be translated into the impossibility of having any causal interpretation.
Last, in this paper we also discuss the possibility of adjusting an IOp measure to the number circumstances and categories, usually done to make the cross-country comparison more reliable.
Our paper differs substantially from the other two previous contributions in the field. In fact, Piraino (2015) only focuses on South Africa and Cogneau and Masple-Sample (2008) only on five SSA countries. Differently from these contributions, we provide a more data extended and methodologically intensive analysis. In addition, we focus on methodological issues that have been neglected in both papers.
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Hence, this paper makes three main contributions: i. it proposes the first measurement of inequality of opportunity for 11 SSA countries; ii. it discusses a number of methodological issues of measuring inequality of opportunity in these countries; iii. it provides an interpretative framework for the extent of inequality of opportunity among them.
The rest of the paper is organized as follows. Section 2 describes the building-blocks of the EOp model and reviews the two most popular methods used to evaluate IOp. Section 3 presents the empirical implementation of the tools in 11 Africa countries. Section 4 concludes.
The measurement of inequality of opportunity
The canonical model of EOp assumes that the outcome of an individual, y, is entirely determined by two classes of variables: circumstances and effort (see Roemer 1998 , Van de gaer 1993 , Peragine 2002 . For simplicity, we refer here to the individual outcome as 'income', but any other interpretation of outcome would in principle be possible. Circumstances are denoted by c and belong to a finite set Ω, examples are gender, age, ethnicity, region of birth or parental background. These are factors that cannot be controlled by an individual and exogenously affect her income; for this reason an individual is not judged to be accountable for circumstances. Effort is denoted by e and belongs to the set Θ, it may be treated either as a continuous or a discrete variable. This is a factor that endogenously affects the individual income since it is the result of her own choices; for this reason an individual is judged to be accountable for the effort exerted. The different forms of luck, that may affect the individual income, can be classified either as circumstances or as responsibility characteristics. Individual income can then be expressed as follows:
The production function g : Ω × Θ → R + is assumed to be monotonic in both arguments, while circumstances and effort are assumed to be orthogonal.
5 Opportunities and the individual decisionprocess to exert a given level of effort are not modeled in this framework. Indeed, this model builds on the argument that (non-observable) individual opportunities can be inferred by observing joint distributions of circumstances, effort and income (under the assumption of no-satiation of income for individuals), which fully characterize a population of individuals.
Given the model outlined above, the measurement of inequality of opportunity can be executed directly, through a two-step approach. The first step concerns the construction of a counterfactual income distribution, in which all inequalities due to differences in effort are eliminated, such that only inequalities due to differences in circumstance are left. The second step concerns the computation of any existing measure of inequality to this counterafactual distribution.
6 Parametric and non-parametric methods can be used to apply this two-step procedure. They are discussed in the following sections.
Non-parametric approach
The non-parametric approach used in this paper is based on Checchi and Peragine (2010) and builds on the possibility of identifying, in the population, groups of individuals sharing the same circumstances. The term used by the literature to denote such groups is 'type'. In a hypothetical situation in which there are only two circumstances, say gender (male or female) and race (black or white), there would be four types: white men, black men, white women and black women.
Letting n be the total number of types in a society, for a generic type i = 1, ..., n its population size will be denoted by m i , its population share by q i , and its mean by µ i (y). The income prospects of the individuals in the same type, represented by the type specific income distribution F i (y), can be interpreted as the set of opportunities open to each individual in type i.
Let us underline here a dual interpretation of the types in the EOp model: on one side, the type is a component of a model that, starting from a multivariate distribution of income and circumstances, allows to obtain a distribution of (the value of) opportunity sets enjoyed by each individual in the population. On the other side, given the nature of the circumstances typically observed and used in empirical applications, the partition in types may be of interest per se: they can often identify well defined socio-economic groups, possibly deserving special attention by the policymakers.
A specific cardinal version of this model, called ex ante utilitarian and extensively used in empirical analyses (See Brunori et al., 2013) , further assumes that the value of the opportunity set associated with a given type i can be proxied by a single summary statistic, such as the mean income of individuals in the same type i, µ i (y). This is a strong assumption, as it implies neutrality with respect to inequality within types. However, it remains plausible because F i (y) can be interpreted as the probability distribution associated with each outcome, for an individual in type i prior to the decision of how much effort to exert. In addition, our choice is also motivated by practical reasons, as accounting for within-type heterogeneity is very demanding in terms of data. It is often the case that the small size of the samples used makes it difficult to obtain easily comparable within-type distributions, this is much more true with the data used in this paper.
7 The model outlined so far has been widely employed to develop theoretical and empirical frameworks, aimed at measuring different distributional phenomena consistently with the EOp ideal, such as inequality.
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Given our ex ante utilitarian model, such counterfactual distribution would be a distribution that eliminates all inequalities within types (inequality of effort), while keeping all inequalities between types. Hence, measuring inequality of opportunity just amounts to measuring inequality between type opportunity sets.
9
Practically, for a given distribution of income Y , letting y k (i) be the income of the individual k belonging to a type i, the counterfactual distribution Y s is obtained by replacing each individual income with the value of the opportunity set of that individual, that is, the mean income of the type to which the individual belongs. More formally, by ordering types on the basis of their mean such that µ 1 (y) ≤ ... ≤ µ j (y)... ≤ µ n (y), the counterfactual distribution corresponding to Y is defined as Y s = (µ 1 (1), ..., µ k (i), ..., µ N (n)), where N is the total size of the population. For any income distribution Y ∈ R N + and a given measure of inequality I : R N + → R + , the part of inequality due to initial circumstances will be given by I(Y s ) or in relative terms, by:
Eq.(2) measures the portion of overall inequality that can be attributed to unequal opportunities. In most empirical analyses I(Y ) is represented by the mean logarithmic deviation (MLD), because it is perfectly decomposable in between and within types inequality. However, the MLD has some undesirable properties. In particular, it tends to be more sensitive to outliers and is not bounded above.
To make our analysis robust to these weaknesses, we couple the traditional estimate of IOp in terms of relative MLD with estimates based on the Gini index.
10 The Gini index has well known desirable characteristics but it is not decomposable in between and within types inequality whenever the type income distributions overlap. Therefore in general:
Where K is a residual greater than zero when there is overlapping. It deserves to be noted that, given a set of selected circumstances, defined on the basis of normative grounds and observability constraints, any within type variation in individual outcome 7 see Lefranc et al. (2008) and Peragine and Serlenga (2008) for alternative models that assume individuals to be risk averse, in which case within type inequality may have a cost for them. 8 see also and for an application of this model to measure poverty and growth consistently with EOp.
9 See Peragine (2002), Bourguignon, Ferreira and Menéndez (2007) , Checchi and Peragine (2010) and .
10 See Aaberge et al. (2011) for a formal definition of the Gini index in the space of opportunity.
is attributed to personal effort. Hence, as in any other empirical work, we face the issue of omitted circumstance variables. As suggested by Bjorklund et al. (2011) , in the applied literature too much of inequality is observed as being due to effort, because the set of circumstances the authors are able to identify is only a small subset of the true set of circumstances. This depends on the fact that the vector c observed in any particular dataset is likely to be a sub-vector of the theoretical vector of all possible circumstances that determine a person's outcome. This problem is often pragmatically solved claiming that the IOp estimates should be interpreted as lower-bound estimators of true inequality of opportunity, that is the inequality that would be captured by observing the full vector of circumstances. It has been shown, in fact, that increasing the number of observed circumstances increases IOp (see Luongo, 2011) . However, this also implies that these analyses are biased by data availability, which makes IOp estimates hardly comparable across studies. Comparing the IOp of a country with a large number of observable circumstances to the IOp of another country with only few observable circumstances is methodologically incorrect. Moreover, the error made in comparing these two quantities is not random but, given that the number of observable circumstances may be correlated with data quality, IOp in countries with poorer data quality ends up to be underestimated.
There is an additional problem concerning the number of observed groups which does not only affect the measurement of inequality of opportunity, but it affects any estimate of between-group inequality. Elbers et al. (2008) discuss this issue claiming that, when we decompose total inequality in between and within component, the estimate of between group inequality is too low because it compares between-group inequalities with the inequality measured in a counterfactual population in which each individual is a group. Although the problem they are looking at does not exactly correspond to our problem of partial observability, their solution can be usefully applied to this context.
They propose an adjusted measure of between-group inequality, which is equivalent to the actual between-group inequality normalized by the maximum possible between-group inequality that could be reached in the population. The latter is the extent of inequality in a counterfactual distribution (Y a ) obtained ranking outcomes from the lowest to the richest and than partitioning the distribution as done to obtain Y s , that is the groups have same population share and rank as types do. Hence adjusted IOp can be expressed as follows:
This adjusted measure is appealing as it accounts for the number of types and their relative weights. Adj-IOp solves, at least in part, the problem of comparing IOp estimates based on different number of observable characteristics. In what follows we therefore propose estimates of both IOp and Adj-IOp.
Parametric approach
The non-parametric approach discussed so far is data-intensive. As the partition into types becomes finer, the population size of each type shrinks, bringing about a decline in the precision of the estimates of the type mean, consequently giving rise to a bias in the estimation of IOp. In countries, such as those considered in this paper, where data limitation on circumstances might seriously hamper the analysis, an alternative and parametric approach to the estimation of inequality of opportunity exists, that economises on data requirement. It is based on the assumption that a simple linear relationship characterises eq.(1), given that circumstances are exogenous by definition and they may also influence effort (see Bourguignon et al., 2007; . Therefore, eq.(1) could be re-expressed in reduced form as: y = φ(c, ) and a inearized version of this equation would lead to:
The estimatedβ coefficient of the OLS estimation of eq.(5) will incorporate both the direct effect of circumstances on outcome and its indirect effect through effort. Clearly, this will be true only if theβs estimated with OLS are unbiased estimates of the real effect of circumstances. Inequality of opportunity will then be obtained by applying an index of inequality to the distribution of the predicted valuesŷ from the OLS estimation of eq.(5), that is:
Relative inequality of opportunity will be equal to:
It is worth noticing that the parametric approach is fully consistent with the ex ante utilitarian assumption used in the non-parametric modelling of IOp. Here, the only difference is that the expected outcome given observable circumstances is obtained using the predicted values from a linearized OLS model. Assuming a linear effect of circumstances we no longer need to construct types in order to predict this outcome and we can exploit all information contained in the variables describing circumstances, that is all values assumed by each circumstance.
The literature has recognized that also the parametric approach has some limitations, however. First, it indirectly imposes a precise functional form linking circumstances and outcome. That is, a linear effect of circumstances on outcome is assumed. Moreover, the OLS estimation of eq.(5) requires that one controls for a number of dummy variables. In fact, the set of circumstances that is generally used in empirical analyses includes: parental education, parental occupation, area of birth, ethnicity. Such variables are not cardinal and each one needs to be transformed into a number of dummy variables equal to the number of values it assumes in order to make eq.(5) operational.
When no cardinal circumstance is observable, the estimating of eq.(5) through an OLS regression brings about to the estimation of a shift in the regression intercept associated to each category of every circumstance, for instance having white collar parents or being first generation immigrant. This implies a severe restriction in the construction of the counterfactual distribution, because it imposes a fixed effect for each circumstances. For example, it could be the case that to be first generation immigrant has a completely different meaning depending on whether parents are university professors or construction workers. With a parametric approach we impose this effect to be the same. To take into account the interaction between circumstances one needs to interact dummies. However, once all dummies have been interacted, one intercept for each type is estimated and our OLS estimate becomes equivalent to the non-parametric approach.
As a result, from one side the motivations for the use of a parametric approach appear to be clear when cardinal measures of circumstances are available (such as parental income); they are less clear when all circumstances can be only modelled through dummies. From the other side, assuming a fixed effect of each circumstance, the output of the parametric approach can be easily used to estimate the partial effect of each circumstance on outcome. Wendelspiess and Soloaga (2014) have implemented a Shapley-Shorrocks decomposition suggeted by Ferreira and Gignoux (2014) based on the average marginal effect of each circumstances over all their possible permutations. This method leads to a path-independent identification of the contributions of each circumstance.
In our analysis we adopt both the parametric and non-parametric approaches. In fact, as underlined by the two approaches may be considered complementary and in the existing empirical literature tend to give similar results. Their inclusion provides some sense of methodological robustness to our estimates. Moreover, if on the one hand the parametric approach allows to decompose IOp in the partial effect of each circumstance, the non-parametric approach makes it possible to estimate the adjusted version of IOp.
Data and results
Before describing the details of our data, let us discuss shortly some of the main issues that arise when an analysis on distributional phenomena, such as poverty or inequality, is performed in SSA countries and that has discouraged so far the evaluation of inequality of opportunity in these countries.
The first and most relevant issue is the existence of households surveys. Indeed, the number of general household surveys in Africa has been rising in the last decade. However, in most cases this rise has not concerned household consumption surveys. The lack of data on consumption is a clear obstacle to evaluate and monitor over time most of the distributional phenomena. For instance, in the period 2000-09, of the forty-eight countries in Africa, four did not realize any consumption survey and twenty did only once (World Bank, 2015) . The possibility of performing such an analysis is also hampered by the non-accessibility of existing surveys and a lack of comparability within a country over time. It is the case, in fact, that even for those countries that are rich in data, a monitoring of inequality can not be performed because the surveys used to measure inequality in two different points in time only cover the urban population, hence they are not nationally representative, or the list of consumption items changes considerably over time. Furthermore, the accessibility of surveys does not imply that they are of good quality because they can suffer of misreported data -for example, report of fake data as a consequence of the failure to contact the respondents or modes of data collection compromised because of inappropriate infrastructures (World Bank, 2015) .
Additional issues arise from the use of the Consumer Price Index (CPI), to convert nominal consumption into real consumption, and of PPP exchange rates, to convert local currency consumption into a common currency consumption, so that measures of inequality can be compared across regions and over time. CPI relies on information about prices and basket shares to consumer items. However, in many African countries, prices are only collected from urban market. As concerned basket shares, instead, they are based on dated household surveys and sometimes exclude home produced foods from their computation. Last, CPIs in Africa tend to overstate increases in the cost of living. As for PPPs, when those of 2011 are applied instead of the 2005 PPPs, this changes considerable the inequality ranks and levels of countries.
Last, as we do in this work, distributional phenomena in Africa needs to be evaluated on the base of consumption rather than income variables, since information about income is difficult to collect in practice due to the informal activities that are the largest share of income in Africa. However, the extent of inequality measured thorough data based on consumption might be an underestimate of the extent of true monetary inequality in Africa for different reasons: they may fail to capture some goods consumed by rich households because they are irregular purchases (computers, cars); well-off households buy more consumer durables than poor households.
Hence, data constraints explain why in this paper we do not focus on all SSA countries, but only on those for which information on circumstances are available. Notwithstanding, it is worth noticing that the number of countries considered here is the largest compared to the only two previous works that have contributed to the assessment of inequality of opportunity in SSA. That is, Piraino (2015) who proposes the first analysis of inequality of opportunity for South Africa, and Cogenau and Masple-Sample (2008) who propose an analysis of inequality of opportunity for five SSA countries, namely, Ivory Coast, Ghana, Uganda, Madagascar, and Guinea.
12 Data constraints also explain why, although we use the most recent surveys containing information on circumstances, the period analyzed is not the same across the eleven countries considered. For only three countries (those for which subsequent comparable surveys are available and contain information on individual circumstances), their inequality dynamic between two periods is discussed. Note that we do not face the problem of comparability here because the surveys used in these three cases are comparable (see World Bank 2015b) .
Notwithstanding the drawbacks discussed above, we share the view of the World Bank that 'more can and must still be learned from the available information bases...using the more reliable subsample' (World Bank, 2015b) and we propose an attempt to evaluate inequality of opportunity in this specific part of the African continent, making use of the existing more reliable data. In particular our analysis uses data from 13 household surveys in SSA. These are: They are all representative at a national level and cover both urban and rural areas. Table 1 reports the list of surveys used, the year they refer to, their original sample size, and a link to the documentation. Our analysis is based on a subsample of the original data considering only individuals aged 15 years or more, for which information about circumstances beyond individual control are available. The outcome considered is per capita consumption, which encompasses consumption for both food and non-food goods, that is, we assume a proportional intra-household distribution of consumption and zero economies of scales in consumption. Although we use different surveys, the results are comparable across countries since the consumption variable has been adjusted for inflation and translated into 2011 PPP international dollars (World Bank, 2015a).
Circumstances
A fundamental step in the measurement of inequality of opportunity is the identification of the vector of observable circumstances. This is a normative issue. In our selection of circumstance we adopt a 'possibilist' criterion (see Ramos and Van de gaer 2013) . This criterion classifies as circumstances family background variables, such as parental education or occupation, individual characteristics, such as gender, ethnicity or age, and innate characteristics, such as IQ. The extent of opportunity inequality will depend on the vector of circumstances chosen. The larger the number of circumstances, the larger the inequality of opportunity. As it is usually the case in empirical works, in this choice we are limited by the scarcity of data, thus we are confined to a small set of basic circumstances, but still of prominent importance. For each country, in fact, we can observe a subset of the following: ethnicity, parental education and occupation, region of birth. Tables 6 to 15 in the Appendix contain the details of the partition in types used for the non-parametric estimates in each country. These tables represents the so-called 'opportunity profile' , a country specific list of types, their rank, and the value of their opportunity set.
Note that the type partition is not used in the parametric estimation, which is instead based on a number of regressors equal to the number of dummies generated by each circumstance variable used (see the Appendix for details on the treatment of circumstances for each country).
Parental education and occupation are widely used as circumstances in the empirical literature on IOp that has dealt with developed countries. The importance of the socioeconomic origin is shared also by the sociological literature on social stratification and social mobility which focuses on occupation-based social classes. A huge amount of evidence has been produced on the role of socioeconomic background in affecting children outcomes during their adulthood. This literature is however traditionally Western-centric and has rarely concentrated on SSA countries. Nevertheless, there is also evidence supporting the argument that parental education and occupation act as circumstances on individual outcomes in the specific SSA context. For instance, it has been shown that, in these countries, the nutritional status of a child is strongly correlated to parental occupation with obvious, although indirect, consequences on his outcome in the future (Madise et al., 1999) . Parental education, instead, has been shown to be an important factor in determining whether or not a child is currently attending school, while school improvements in parental education have been shown to raise the schooling of children, which, in addition to improving their health and reducing the status of extreme poverty, has direct effects on the outcome prospect of these children (see, among others, Glick and Sahn, 2000; Lloyd and Blanc, 1996; Lassibille and Tan, 2005; Schultz, 2004) .
Ethnicity and birth locations are variables of paramount importance in the SSA world, historically characterized by civil and ethnic conflicts, which arrest or even reverse the growth and development process of the continent. Even today, SSA countries face impressive challenges to peace and stability and have fallen prey to continuous armed ethnic conflicts. Between 1946 and 2002 not less than 1.37 million battle-related deaths occurred in 47 civil wars in Sub-Saharan Africa (Lacina and Gleditsch, 2005) . In 2011, for instance, Sub-Saharan Africa has had 91 of these kind of conflicts, against the 89 of 2010 (see Bräutigam, 2014; De Ree and Nillesen, 2009) . Moreover, previous studies have shown that high levels of ethnic diversity are strongly linked to high black market premiums, poor financial development, low provision of infrastructure, and low levels of education. Ethnicity has a strong influence on inequality in Africa, for two possible reasons: (a) ethnic fractionalization has given rise to a political economy of unequal subsidies and discrimination (Easterly Levine, 1997; Milanovic, 2003) , and (b) ethnic groups in Africa have different genetic height potentials (Moradi and Baten, 2005) . Regional disparities in access to schooling are almost inevitably linked to ethnic inequalities in sub-Saharan Africa. Hence, it appears natural to treat ethnicity and birth location as circumstances in the context of our analysis.
It is important to note that cross-country comparisons of IOp must be interpreted baring in mind that the subset of circumstances used may vary across countries, as different surveys usually collect different information on circumstances (see Table 2 ). 
IOp Estimates
Uganda √ √ * Ethnicity for Democratic Republic of Congo is observable but the documentation to decode it is missing this make impossible to construct the partition in types and the non-parametric estimates for Congo.
* * In Malawi ethnicity is proxied with th mother tangue.
Source: Surveys listed in Table 1 .
consumption, and number of regressors (all dummies) used to assess the share of total inequality explained by circumstances. The number of regressors is the number of observable circumstances multiplied by the number of values that each circumstance can assume. 14 The second and third part of the Table contain the estimates of total inequality and IOp as share of total inequality for both MLD and Gini indexes. Table 1 .
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Total inequality is remarkable in all the countries, although quite variable across them. MLD ranges from 0.54 for Comoros to 0.16 for Niger, while Gini from 0.55 for Comoros to 0.31 for Niger. Thus, even relatively less unequal countries still have high level of inequality. The ranking of countries according to their level of inequality seems to be robust to the choice of the inequality measure, there is in fact only one reranking occurring between Tanzania and Niger.
The estimates of IOp show an equally dramatic but different picture. The share of inequality that can be attributed to different exogenous factors is extremely high and variable across all countries. MLD ranges between 12% for Guinea to 38% for Malawi, while Gini ranges between 35% for Guinea and 57% for Madagascar. But there is considerable reranking between countries taking place in passing from total inequality to IOp; worth mentioning are the cases of Comoros and Madagascar. Comoros has the highest total inequality but it is the second country with lowest IOp (using both MLD and Gini). Madagascar has the third lowest level of total inequality, but it has the second highest value of IOp, when MLD is used, and the first highest when Gini is used.
As for the trend of IOp, an evaluation is possible only for Nigeria, Tanzania, and Uganda, the only countries with more than one survey available. According to both MLD and Gini, IOp increases in Uganda 15 , it decrease for Tanzania, while it remains stable in Nigeria. However this variations are rather small and not statistically significant.
The Gini index does not allow for a perfect decomposition of between and within type inequality, therefore it is not surprising that the two versions of IOp account for a different share of total inequality depending on the measure used. Given that Gini is not perfectly decomposable one would expect to find relative IOp, measured through MLD, explaining a larger share of total inequality than that measured through Gini -the use of Gini generates a residual term in the decomposition that is neither between nor within types inequality, but is part of the denominator. However, this does not arise in our estimates mostly because of the different sensitivity of the two indexes to the extreme values of the distribution.
16 MLD is more sensitive to extreme values, it is even not bounded above, therefore inequality calculated on a distribution of type means, from which extreme values have been removed, tends to be much smaller than inequality calculated on the original distribution.
Although the use of two different measures of inequality generates some change in the ranking of countries, they agree in providing two main conclusions. First, these estimates allow to divide the elven SSA countries under analysis into three main groups: the first represented by the three countries with highest IOp, namely Ghana, Malawi, and Madagascar; the second represented by the three less opportunity unequal countries, namely Niger, Comoros, and Guinea; the third represented by all the other countries having a relatively middle level of IOp. Interestingly, all the three less opportunity unequal countries are former French colonies, while two of the most unequal are former British colonies. Second, it stems out that countries with overall higher inequality in consumption are not necessarily characterized by higher share of inequality attributed to unequal opportunities. Table 4 reports, for each country and wave, the non-parametric IOp estimates. The first three columns contain information about the sample size, the average per capita consumption, and the number of types in which each country is partitioned. Note that both consumption and sample size sightly differ from Table 3 since the need to create types forces us to drop some additional observations. Note also that the entry for Congo DR is missing due to the already mentioned impossibility of aggregating ethnic groups to obtain types. Table 1 .
Unfortunately, a breakdown in using these data arises in the parametric versus non-parametric approach choice. A striking result is in fact that the main conclusions stated above are not valid when a non-parametric estimation is performed. The ranking of countries in terms of IOp, using both MLD and Gini, changes drastically.
In general, non-parametric estimates tend to be lower than their parametric version, both in terms of MLD and Gini. This must not be necessarily the case. Recall that parametric and non-parametric approaches differ in two aspects: the former imposes a linear relationship between circumstances and outcome, the latter aggregates some information contained in variables beyond individual control. Setting aside the problem of partial observability, both constraints imply that IOp is a downward bias estimate of the real IOp under very general conditions. Imposing linearity reduces the variability that can be explained by circumstances in all cases but when y is a linear function of c. Similarly, ignoring some of the circumstances' variability decreases the ability of these variables to explain total inequality, unless the inequality between the groups aggregated is zero.
When the bias implied by the assumption of linearity is smaller than the bias introduced aggregating circumstances the parametric IOp is larger than the non-parametric IOp. However, there can be cases in which the linearity assumption implies a larger distortion than the aggregation of circumstances, in this case the non-parametric IOp will be larger.
Relative IOp measured by MLD ranges between 8% for Madagascar to 19% for Malawi, it ranges between 24% for Rwanda and 43% for Malawi when Gini is used. Figure 1 shows the discrepancy between the two approaches and the two measures adopted. Parametric estimates are marked in red and non-parametric estimates in blue, the horizontal axis reports IOp measured through MLD, the vertical axis reports IOp measured through Gini. The first clear feature that stands out is that, with the exception of Guinea, parametric estimates are always larger than non-parametric ones. There are only two common results to both approaches and they concern Malawi and Comoros. In particular, Malawi is always encompassed among the group of countries with highest IOp and Comoros among the group of countries with the lowest IOp. By contrast, Guinea and Madagascar, for instance, undertake a complete reranking: Guinea becomes one of the most opportunity unequal countries and Madagascar one of the lowest opportunity unequal. This difference is in some cases rather small in others dramatic. From a dynamic point of view, instead, the two approaches unanimously evaluate the trend of Tanzania and Nigeria, while they give opposite results for Uganda.
The discrepancy between the two approaches seems to be driven by the very high number of regressors used to estimate eq. (5) and the rather low number of types used to construct the counterfactual distribution. An extreme case is that of Madagascar, in which the number of regressors is the highest, 462, while the number of types is 30, one of the lowest. Moreover, Madagascar jumps from being one of the least unequal countries when IOp is parametrically estimated to be one of the most unequal when IOp is non-parametrically estimated. Such a difference should be expected whenever the number of regressors (which by definition increases the total variability explained) is much larger than the number of types.
However, it should be noticed that the high number of regressors in Madagascar is mainly due to the high number of possible birth locations, 397 dummies, far more than the six provinces in which Madagascar was divided at the time of the survey (now 22 regions), and also more than three times the 111 districts of the country. Birth location in this survey are cities (commune urbaines). Not surprisingly the coefficients for the dummies of such a detailed subdivision of the territory are generally not statistically significant. It seems therefore unreasonable to include all the possible birth locations among the controls of the OLS estimation of eq.(5), since the estimates of their Source: Surveys listed in Table 1 .
effect on circumstances would not be reliable. A solution consists of aggregating birth locations into districts or provinces. Indeed this is exactly what we do with the non-parametric approach: trading-of some regressors variability with statistically significance. Therefore, in cases like that of Madagascar, with few observable qualitative characteristics that can take a large number of values, it would be more advisable to follow a non-parametric approach, which has the additional quality of not imposing linearity, rather than a parametric one. This issue is examined for all countries in Figure 2 in which we try to see whether the difference between parametric and non-parametric estimates is really due to the difference between the number of types and the number of regressors. The vertical axis reports the ratio between the two estimates (non-parametric over parametric using MLD and Gini), the horizontal axis reports the ratio between the number of types and the number of regressors. Indeed, the positive correlation between the two ratios suggests that the number of regressors does play a role in making parametric estimates. Obviously, the correlation is far from perfect, and Guinea is an interesting case. Although for this country we have 113 regressors and 32 types, the parametric estimate of IOp is smaller than the non-parametric one. The case of Guinea is an example in which assuming a linear effect of circumstances on outcome provokes a downward bias of our IOp estimates larger than the bias induced by aggregating circumstances following the non-parametric approach.
The literature has traditionally judged the assumption of linearity to be less important in determining the magnitude of IOp than the issue related to the number of circumstances. However, the case of Guinea clearly highlights that there are cases in which the opposite happens. Table 5 , a simplified version of the opportunity profile in Table 8 in the Appendix, clarifies this point. The effect of parental occupation on children outcome depends on area of birth: on average in Guinea having a father employed in agriculture is associated with low consumption. By contrast, being born in Labe from parents working in the agricultural sector implies that one is in the type with the best outcome prospects. The effect of birth location and parental occupation on consumption are clearly not linear. This is not just a statistical feature, but it has a clear economic meaning: the Labe region has recently experienced prolonged periods of substantial surplus in agricultural production and is at the centre of national and international trade flows (FEWS, 2013). Therefore Source: Surveys listed in Table 1 . This example is obtained aggregating data in Table 8 .
being born in a farming family in Labe means being in the best possible condition in terms of economic opportunities. It is clear that, for the specific case of Guinea, the parametric procedure is missing out the interaction between parental occupation and area of birth. Figure 3 reports the results of the contribution of each circumstance to IOp that can easily be calculated looking at the regression output used in the parametric approach. We present partial contributions for IOp measured in terms of MLD (Wendelspiess and Soloaga, 2014) .
Circumstances contribution to total IOp
Institutional reasons might explain in part the worst performance of the former and the better performance of the latter. As for Malawi, in fact, despite the transition from dictatorship to multiparty politics in 1994, the last two decades were characterized by a complete break-down of the state's capacity to formulate and implement policy, which may explain the performance of Malawi (Boot et al. 2006) .
This decomposition may help to provide an interpreting framework for our estimates of IOp across the SSA countries considered. Although overall there does not seem to be a specific circumstance prevailing over the others, we can distinguish two main groups of countries: Uganda, Nigeria, Tanzania, Rwanda, and Ghana for which all the circumstances considered play a similar role in shaping an individual's opportunities; the remaining countries for which most of IOp is explained by one particular circumstance. Worth noticing cases are Comoros, Congo, and Malawi.
In Comoros the contribution of birth location on total IOp is the highest compared to the other countries (93% of total IOp). At the time of the survey -2004 -Comoros islands were in a period of relative stability after Colonel Azali Assoumani was elected President in 2002 and agreement about the federal institutional framework was reached. However, one must bear in mind that these islands have been historically characterised by political instability originated from conflicts between islands. On the one hand the political power is traditionally concentrated in Grand Comore (Ngazidja), on the other Anjouan -the second largest island -has the largest port of the archipelago which has brought economic development and power to the island (IMF, 2006) . Ethnicity, instead, is the dominating circumstance in the Democratic Republic of Congo. When the survey was conducted, Congo D.R. was still involved in the process of stabilization after the peace deal and the formation of transitional government in 2003. The consequences of what has been named the Great African War persist in the second largest country in Africa. Congo is considered the second most ethnically diverse nation in the world moreover, the role of ethnic groups during the war may be one of the explanation of the so prominent role of ethnicity in explaining IOp (Karbo and Mutisi, 2012) .
Last, parental education appears to be the most serious circumstance in Malawi. This is not due to the coding of variables: 7 dummies for father education and 6 dummies for mother education explain twice the IOp captured by 42 variables of birth location. The less dramatic role of ethnicity (proxied with mother tounge) then in other countries may be in part explained by the unclear notion of ethnicity that developed in Malawi after the end of the colonial period. So much so that there is no documentary agreement about the number of ethnic groups in Malawi (Kaspin, 1995) .
Also the decomposition for Madagascar reveals the effect of a dominating circumstance, namely birth location. However, as mentioned before, this is mostly due the very large number of dummies used to estimate the effect of this factor on individual consumption (see discussion below). Therefore, we think it is more cautious to avoid attributing to it any strict socio-economic meaning.
From a methodological point of view, note that for those countries for which information on the place of birth is provided, this circumstance results to be on average the most influential one. 93% of total IOp is due to differences in the place at birth in Comoros, 87% in Niger, and 59% in Madagascar. A point is worth emphasizing here. Birth location is a relatively easy information to collect and often refers to a very detailed partition of the national territory. Of course, this variable correlates with a number of other variables such as ethnicity, mother language, family wealth.
Therefore, in the interpretation of this decomposition, one should bear in mind that any inequality due to omitted circumstances that correlates with observable circumstances in this analysis is captured by the latter. As a consequence, in situations such as those of Madagascar and Comoros one may suspect that the share of IOp due to area of birth is actually also capturing the share of IOp due to omitted circumstances. In such cases, the causal interpretation of the partial effect of circumstances (which should always be avoided) is particularly misleading. Conversely, there are situations, such as those of Rwanda and Tanzania, in which the share of IOp explained by birth location is lower than the share explained by the other circumstances. This happens even though the number of dummies used to explain the impact of area of birth is in both cases higher than the number of dummies used to explain the impact of the level of education. In these cases, the role of parental education clearly dominates the effect of birth location in determining opportunities. Table 1 .
To conclude, it is important to emphasize that Sub-Saharan Africa is the area of the World with the highest level of ethnic diversity (Goren, 2014) , unfortunately this information is missing for Comoros, Guinea, Nigeria, Rwanda and Tanzania. In some cases other variable can be considered a good proxy for ethnicity (language in Malawi), in other cases birth location may capture a lot of inequality correlated with ethnicity. In cases in which ethnicity is observed and birth location is not the opposite may happen (Congo). For some countries sensitive characteristics are not included in the questionnaire. This is the case of ethnicity in Rwanda, or birth location in Nigeria: in both cases they are well known important sources of inequality and conflicts. This is not only a problem for the interpretation of the partial effects, it also severely biases our estimates of IOp. For instance, it is well known that a large share of inequality in Nigeria is explained by extreme regional disparities of economic performance, excluding birth location among circumstances implies considering residual one of the main source of unfair inequality.
Adjusted IOp
The last columns of the second and third part of Table 4 report the Adjusted IOp (Adj-IOp) respectively using MLD and Gini. Note that adjusted inequalities can only be computed on the base of non-parametric estimates, since they rely on the comparison of between groups inequalities. Hence, in can be measured only if inequality of opportunity is expressed as inequality between groups, which is exactly what is done using the non-parametric approach. As discussed above the normalization of inequality with respect to the number of types is particularly relevant in this context, as we are comparing IOp in countries whose specific consumption distribution is partitioned into a very different number of types: from a minimum of 20 in Nigeria to a maximum of 64 in Malawi. Figure 4 plots the difference between IOp and Adj-IOp (using both MLD and Gini) as a percentage of IOp against the number of types. This correction -positive by definition -is always higher for MLD than for Gini; this is consistent with the previous results, witnessing the higher sensitivity of MLD to extreme values. Note, in fact, that Adj-IOp is obtained substituting the denominator in the original IOp formula. The adjusted denominator is the maximum possible between group inequality, given the distribution of outcomes and the types structure. It is therefore a distribution in which extreme values has been removed by taking group averages. Consequently, the difference between the original and adjusted denominator is larger for MLD. Figure 4 also shows a clear pattern for this correction (approximated with a fractional polynomial curve), approaching zero as the number of types increases. Source: Surveys listed in Table 1 .
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The figures makes it clear that the adjustment procedure does not add relevant information in our context. With the exception of MLD for Nigeria and Ghana, whose distributions is partitioned into 20 and 24 types and the related correction is about 10% and 8% of the original IOp respectively, this correction is never above 5% and it is smaller than 2% for countries with a number of types above 40. Hence, the higher the number of types the lower the impact of the adjustment and this result is rather general. To grasp this drawback consider Figure 5 , plotting the difference between total Gini, twice the area between the black Lorenz curve and the diagonal, and the maximum between group Gini, twice the area between the blue broken line, for three hypothetical group partitions: one group, five groups, ten groups. The difference between the two possible denominators of IOp will depend on the shape of the original Lorenz curve; the example clarifies that this difference tends very fast to zero as the number of types increases. Therefore, the adjustment proposed by Elbers et al. (2008) looses relevance whenever the number of types is in the order of tens. Lorenz curves for the maximum between group inequality (light blue) are drawn assuming a population partitioned into equally-sized types.
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Inequality in SSA countries is generated by many factors. Circumstances in which one is born, ethnicity or education of parents for instance, are such important factors. Inequality of opportunity, the extent to which this kind of factors determine the outcomes among individuals in adulthood, contributes to increase overall inequality and violates principles of fairness. Although the empirical literature on IOp measurement has proliferated in the last decades there are very few contributions that focus on inequality of opportunity in SSA countries. The lack of estimates for this part of the world is mainly due to the lack of reliable data on individual outcome and circumstances. This paper has exploited 13 reliable household consumption surveys to assess IOp in 11 SSA countries. All information about exogenous factors provided by these surveys have been used. These encompass information on region of birth, parental education and occupation, and ethnicity. We have complemented the analysis estimating the partial effect of each circumstance in determining IOp and the adjusted measure of IOp proposed by Elbers et al. (2008) .
Overall, inequality of opportunity is very high in every country, although quite variable across them and countries with higher total inequality do not always show higher IOp. As for the ranking of countries, instead, while our results are robust to the choice of the inequality measure, they appear to be less robust to the choice of the estimation method. Only few results appear to be robust to different methods: Malawi has the highest share of total inequality due to opportunities; Comoros is among the most virtuous countries; the share of inequality due to opportunity has declined over time in Tanzania, and remained stable in Nigeria.
Among the main reasons for this inconsistency we find that the small number of observable characteristics and the possible high number of values they can assume do play a role in determining IOp. In fact, our results have shown that a high number of regressors tends to make parametric estimates higher than the non-parametric one. However, the assumption of linear effect of circumstances on outcome, implicit in the parametric approach, can provoke a downward bias of IOp; this was the case of Guinea in our analysis. When the number of observable circumstances is low and the number of possible values those circumstances can take is high, a causal interpretation of the partial contribution of circumstances to IOp is misleading. Moreover, if no cardinal circumstance is included, it is advisable to opt for a non-parametric estimate of IOp. Last, the correction of IOp for the number of types and their population share, using the adjusted inequality measure proposed by the literature, does not add any relevant information to the analysis when the number of types is sufficiently high (around 50).
Appendix: Opportunity Profiles
In order to provide meaningful non-parametric estimates of IOp, the circumstances observed for each country need some additional treatment. While the parametric approach, assuming a linear effect of circumstances on outcome, can exploit all the information contained in the variables that describes circumstances, the non-parametric approach is forced to aggregate some of this information. In order to estimate the mean of each type with a sufficient degree of confidence the sample size of each type should not be too small. Circumstances are therefore aggregated to reduce the number of types and increase their size.
For Comoros, the circumstances considered are birth location, parental education, father and mother occupation. Birth location (originally categorized into 37 villages) is recoded into three categories: born in Grande Comore, born in Anjouan (Grande Comore and Anjouan baing the biggest and most important islands), others (born in other smaller islands or outside Comoros). Parental education is coded into two categories: both parents having no education, at least one of the two having an elementary degree or above. Father occupation is coded into three categories: being employed in the agricultural sector, being housekeeper, other. The same coding is applied to mother occupation (see Table 6 for details).
In Congo DR the observable individual characteristics include father education, father occupation and ethnicity. Father education is coded in number of years of education completed. Father occupation is recorded in ten categories ranging from family helper to senior executive. The survey records 399 possible ethnic groups, unfortunately these groups cannot be decoded using the available documentation, so we can identify individuals sharing the same ethnicity but we cannot group them in homogeneous macro-group as we do for other countries. The lack of this piece of information makes therefore impossible to construct types of sufficient size to allow inference about their average per capita consumption (32 ethnic groups contain only one respondent and 131 less than ten). However, ethnicity can still be used as a dummy to explain inequality following the parametric approach. We will therefore present only parametric IOp estimates for the Congo DR.
In the case of Ghana, we use information on three circumstances: birth location, parental education and ethnicity. In order to have a proper partition of the distribution, all three circumstances are recoded. In particular, birth location (originally represented by 17 regions of birth) distinguishes between individuals born in the north, center and south of the country. Parental education is coded as for Comoros. Last, we divide the 64 ethnic groups present in the original data into four categories, according to the their linguistic similarities. To this aim, we refer to the three main linguistic groups of the country, that are: KWA, Gur and Mande. Obviously, the fourth category encompasses the remaining ethnic groups (see Table 7 for details).
Birth location, parental education and parental occupation are the circumstances used for Guinea. Birth location (originally represented by 34 villages of birth) is partitioned in seven categories depending on the region of birth that can be: Kankan, Nzerekore, Faranah, Kindia, Labe, Mamou and Boke; the last category refers to those individuals born outside Guinea. Parental education is coded as for Comoros, whereas parental occupation is partitioned into two categories: the first encompassing those individuals whose parents are employed in the agricultural sector; the second encompassing all the individuals whose at least one parent is employed in a sector other than the agricultural one (see Table 8 for details).
The data of Madagascar allow to use birth location, parental education, and ethnicity as endogenous characteristics. Birth location (originally represented by about 400 villages) is based on the six administrative provinces of birth: Antananarivo, Fianarantsoa, Mahajanga, Toamasina, Toliara, Antsiranana. Note, however, that we aggregate Mahajanga and Toamasina (on the base of geographic distance), ending up with five categories. Parental education is coded as for Comoros. The 25 ethnic groups present in the original dataset are grouped into three main categories on the base of their main geographic location: the Costal, the Highlander, others (see Table 9 for details).
Malawi, instead, has observations only for two circumstances: birth location and parental education. Birth location encompasses 31 categories, one for each district, plus 1 category grouping those individuals born outside Malawi. Again, parental education is coded as for Comoros (see Table 10 in the Appendix for details). Note that, although Malawi has also information on mother tongue (used as a proxy for ethnicity), this information is only used for the parametric estimates, because of the problem generated by the smallest size of types when the partition also accounts for ethnicity.
For Niger, the set of circumstances is represented by birth location and ethnicity. Birth locations (originally indicated as one of the 40 departments of birth) is coded into nine categories: the seven regions of the country (Agadez, Diffa, Dosso, Maradi, Tahoua, Tillaberi, Zinder), the capital (Niamey), and others (individuals born outside Niger). The ethnic groups represented in the survey are Arab, Djema, Haoussa, Kanouri-Manga, Peul, Touareg, Toukou, foreigners and a residual made of other ethnic groups. In order to have types with a sufficiently large population to allow for inference, we group together Arab, Toukou, foreigner and others (see Table 11 for details).
In the case of Nigeria, the circumstances considered are parental education, father occupation, and mother occupation. Concerning the first circumstance, instead, we define the following categories: individuals whose none of the parents has education, individuals whose at least one of the parents has some primary education (not completed), individuals with at least one of the parents having completed primary education, individuals with at least one of the parents having some secondary education (not completed), individuals with at least one of the two parents having completed secondary education or having a higher degree. Concerning the second circumstance, we define the following categories: individuals whose father is employed in agriculture or not working and individuals whose father is employed in a different sector. The same coding is used for mother occupation. The partitions obtained is made of 20 types with a sample size ranging between 99 and 4,941 (see Table 12 for details).
Rwanda's data allow to use birth location, parental education, and parental occupation. Birth location is characterized by six categories, each of them representing one of the five administrative regions of the country, the last encompassing people born outside Rwanda. For parental education we follow the coding used for Comoros. Last, parental occupation is coded into two categories: the first grouping individuals whose both parents work in the agricultural of fishery sector, the second grouping individuals whose at least one parent does not work in the agricultural or fishery sector (see Table 13 for details).
As for Tanzania, we observe two circumstances: birth location and parental education. Birth location is categorized in 25 administrative regions: Dodoma, Arusha, Kilimanjaro, Tanga, Morogoro, Pwani, Dar es Salaam, Lindi, Mtwara, Ruvuma, Iringa, Mbeya, Singida, Tabora, Rukwa, Kigoma, Shinyanga, Kagera, Mwanza, Mara, Manyara, Kaskazini Unguja, Kusini Unguja, Mjini Magharibi, Kaskazini Pemba, Kusini Pemba. Parental education is made of two categories: both parents having a degree of education below elementary and at least one parent having an elementary degree or above (see Table 14 for details).
Birth location and ethnicity are the information used for Uganda. Although the UNPS contains a large set of circumstances, such as parental education, parental occupation, area of birth, ethnicity, we are forced to choose only two of them, because of the large number of missing information. In the original dataset birth location is distinguished into 56 districts plus the capital city. For practical reasons, this circumstance is recoded into four groups according to the level of development of each district as measured by the Human development Index (UNDP, 2014) , that is: low development (HDI between 0.231 and 0.433), lower intermediate (0.434 -0.470), upper intermediate (0.472 -0.498 ), high (above 0.500).
18 We also recode the 68 ethnic groups present in the original data on the base on their linguistic origin: Easter lacustrine Bantu, Western lacustrine Bantu, Eastern Nilotic, Western Nilotic, Ethnic Minorities (see Table 15 for details). Per capita consumption is expressed in 2011 PPP $ Source: Authors' calculation based on surveys listed in Table 1 .
